Recent introduction of data-driven approaches based on deep-learning technology has revolutionized the field of nanophotonics by allowing efficient inverse design methods. In this paper, simultaneous inverse design of materials and structure parameters of core-shell nanoparticle is achieved for the first time using deep-learning of a neural network. A neural network to learn correlation between extinction spectra of electric and magnetic dipoles and core-shell nanoparticle designs, which include material information and shell thicknesses, is developed and trained. We demonstrate deep-learning-assisted inverse design of core-shell nanoparticle for 1) spectral tuning electric dipole resonances, 2) finding spectrally isolated pure magnetic dipole resonances, and 3) finding spectrally overlapped electric dipole and magnetic dipole resonances. Our finding paves the way of the rapid development of nanophotonics by allowing a practical utilization of a deep-learning technology for nanophotonic inverse design.
INTRODUCTION
Optical interaction between subwavelength particles and light has been an important problem in many fields of physics and materials. However, the subwavelength nanoparticles usually undergo rather uninteresting Rayleigh scattering; on the other hand, subwavelength plasmonic nanoparticles have shown sharp and strong extinction peak due to the localized surface plasmon resonance, which has been applied to refractive index sensing [1, 2] . The subwavelength plasmonic nanoparticles generally have dominant ED mode with its resonance determined by the plasmonic materials used. Recently, structured subwavelength meta-atoms with higher-order multipole modes have been realized [3, 4] , whose contributions have demonstrated many interesting phenomena including directional scattering [5] , Fano-like resonance [6] , and negative index media [7] . Core-shell nanoparticle is a candidate meta-atom to exhibit such exotic phenomena [8] [9] [10] , but its higher degree-of-freedom makes designing difficult, and it is usually considered difficult to independently engineer electric dipole (ED) and magnetic dipole (MD) resonances.
These design problems due to higher degree-of-freedom can be overcome by utilizing data-driven approaches mation of core-shell nanoparticles simultaneously from given ED and MD extinction spectra. Details of the developed NNs and loss function are discussed. To discuss practical usage of DL-assisted inverse design, three cases of dipole resonance engineering are demonstrated: 1) spectral tuning ED resonances, 2) finding spectrally isolated MD resonances, and 3) finding spectrally overlapped ED and MD resonances.
II. RESULTS AND DISCUSSION
A. Deep-learning
FIG. 1. Schematics of (a) a core-shell nanoparticle and (b) the utilized DL model consisting of two NNs (DN and SN). DN learns mapping from S (input extinction spectra) to D (design parameters), and SN learns mapping from D to S'.
In this work, spherical three-layered core-shell nanoparticles are used with parameterized material type and thickness for each layer (Fig. 1a) . The outer radius of the core-shell is constrained between 10 nm and 150 nm. The extinction for stratified spherical particles (data-set for DL) was obtained using T-matrix formalism at plane-wave incidence. The extinction spectra are normalized by maximum values for simplicity of inverse design (see Appendix F). Each entry of the data-set consists of six design parameters (three materials and three thicknesses) and 100 spectral points of each of ED and MD extinction spectra at wavelength range from 300 nm to 1000 nm.
Optical properties of meta-atoms significantly depend on their materials. However, refractive index should not be directly used for DL, because arbitrarily returned refractive index cannot generally be realized with real materials. In addition, plasmonic and many dielectric materials are highly dispersive and cannot easily be treated in DL. Therefore, we have listed the seven possible materials (Ag, Au, Al, Cu, TiO 2 , SiO 2 , and Si) for design, and indexed them through numbering (Table 1) . We now express the central idea of this work: our DL network architecture and newly devised loss function, which enable simultaneous inverse design of material and structural parameters. The DL model used for training consists of two networks: a design network (DN) and a spectrum network (SN) (Fig. 1b) . DN learns mapping from optical properties (EDs and MDs) to design parameters (materials and thicknesses); and SN, from design parameters to optical properties. The developed overall loss function of DN (l overall ) is defined as weighted average of design (l design ) and spectrum losses (l spectrum ):
where l spectrum is calculated by mean squared error (MSE) of S (target spectrum) and S' (predicted response by DL). The weight w is chosen by parametric study to minimize MSE between S and S" (calculated spectra using the predicted designs D by DN) for the final test data-set (see Appendix A). Simultaneous inverse design of optical materials and structural parameters requires a development of the loss function, because classification and regression problems should be solved at the same time. The devised design loss function is weighted average of material and structural losses:
where ρ is a weight of the structural error which is also added as a hyperparameter to be adjusted. l structure was evaluated by mean absolute error, and l material by binary cross entropy with logits loss. See Appendix A for detailed expression of loss functions and details of parametric study and DL procedures. Total data containing more than 18,000 set are divided into training (∼80%), validating (∼10%), and test dataset (∼10%). NNs are trained using the training data-set, and the trained networks are evaluated by the validation data-set on every epoch to avoid over-fitting problem. After 20,000 epochs, the trained network is finally evaluated by the test data-set that has never been used in previous training or validation steps. Four examples of randomly chosen test results (Fig. 2) show that the DN is well trained to provide appropriate design parameters of materials and thickness for given input ED and MD responses. The ED and MD responses obtained from predicted designs show good agreement with target input spectra. The average MSE between predicted and target responses of 2,313 test data-set is about 9.43E-3, quantitatively showing that DNs indeed provide appropriate designs that has desired optical properties.
DL-based inverse design is practically utilized to find a structure, which reconstructs an input spectrum with specific purposes. In the following section, we demonstrate the capability of our network to inversely design spherical core-shell nanoparticles, specifically for dipole resonance engineering. Sharp extinction resonance peaks of plasmonic nanoparticles have enabled highly sensitive sensing and detection, but resonance wavelength of a single subwavelength nanoparticle is limited by plasmon resonance wavelength of the plasmonic material [1, 2] . Because choice of plasmonic material and host medium is limited, we believe sensing applications would benefit from spectrally tuned sharp ED resonances, which our DN can achieve for various target wavelengths (Fig. 3) . We further confirmed that the found mode is ED mode from field pattern and radiation pattern (Fig. 3) . In general, subwavelength nanoparticles exhibit dominantly ED mode at planewave incidence. Recently, strong higher-order multipole modes, such as MD and electric quadrupole, have been observed in subwavelength structured plasmonic nanoparticles [3] , as well as subwavelength high-index dielectric nanoparticles [16] . However, it has been difficult to observe spectrally isolated MD mode from subwavelength nanoparticles [17] . Only recently, Feng et al. [17] have founded that a pure MD mode at a certain wavelength where MD mode are overlapped with a non-radiated mode of anapole mode. Such a nanoparticle with spectrally isolated MD may allow us to study light-matter interaction involving MD mode at the absence of ED mode. Such spectrally isolated MD would enable controlled experiments on optomechanical effects of MD [18, 19] , optical interaction between MDs [20] , and optical interaction between MD and quantum resonators (i.e. molecules) and their modified emission properties [21] [22] [23] [24] .
We searched for spectrally isolated MD mode by using input spectra of Lorentzian MD resonance and flat-zero ED spectrum (Fig. 4) . We could not find a condition where modes other than MD are completely eliminated over a broad range of wavelength, but we could still find a condition where MD mode is dominant at a certain wavelength (∼660 nm in Fig. 4d ). This mode is almost purely MD mode as can be seen from its radiation pattern (Fig. 4f) . It should be noted that it is not always possible to find structures with physically constrained optical properties, possibly because of limited design conditions (see Appendix D). Simultaneous ED and MD modes have demonstrated several interesting phenomena including directional scattering [8] [9] [10] 25] and negative index media [7] . However, spectral tuning of both ED and MD resonance to a single target wavelength is difficult, if not cumbersome. Such simultaneous spectrally-tuned ED and MD resonances allow several interesting phenomena including directional scattering and negative index media.
There have already been many publications achieving directional scattering using core-shell nanoparticles [8] [9] [10] ; however, those publications provide a set of fixed conditions working at certain wavelength. DL-assisted engineering would substantially reduce time and effort taken to find such condition. We could successfully find conditions with simultaneous ED and MD modes using our network (Fig. 5a ) with near-zero backward scattering (Fig. 5b) . Nanoparticles with large scattering crosssection without backward-scattering would be useful for many photonic devices that require long photon trapping time near acceptor, such as solar cells. Under dipole approximation, zero backward-scattering occurs when ED and MD are in phase (the first Kerker condition), and zero forward-scattering occurs when ED and MD are out of phase (the second Kerker condition) [25] . This principle has made high-efficiency metasurface [26, 27] and perfect absorber [28] possible.
Another interesting phenomena that would benefit from DL-assisted engineering is design of negative index media. To obtain negative index media, ED and MD resonances need to be simultaneously tuned to a target wavelength. To overcome this difficulty, Pendry proposed chiral media as a possible route to negative index media without simultaneously engineering ED and MD resonances [29] . Our designed core-shell nanoparticle exhibits negative refractive index n = −0.118+1.684i, as well as simultaneously negative effective permittivity and permeability, at the target wavelength of 600 nm (Fig. 5c) . Here, effective permittivity and permeability are obtained using Clausius-Mossotti relation (Eqn. 3):
where α E , and α M are the electric and magnetic polarizabilities.
E. Discussion
Multiplexed input spectra with different polarizations have been demonstrated in DL [11, 13] ; however, multiplexed input spectra with multipole-decomposed spectra have not been reported. We believe this approach could be used to directly engineer many physically intriguing phenomena, because simple extinction spectra cannot give deeper physical insights, which the multipoledecomposed spectra may provide. In this present study, we limited the input spectra to only ED and MD mode. By additionally introducing higher-order modes to the input spectra, many designs with interesting phenomena may be designed as well. However, it is not always possible to find a structure with an arbitrary spectrum, possibly because of limited geometry of the three-layered spherical core-shell nanoparticles and the size limit. If target application is fixed, it should be better to directly use optical properties, such as directionality for directional scattering and effective refractive index for negative index media, instead of general extinction spectra. Nevertheless, this work shows great potential of DLbased inverse design by introducing materials as parameters and thereby significantly extending the degree-offreedom of design possibility. Also, as data throughput increases, it is expected that many new designs will be available that were difficult to design empirically or intuitively.
III. CONCLUSION
In conclusion, we have provided the first simultaneous inverse design of material and structural parameters of core-shell nanoparticles based on independently given ED and MD spectra. Materials are indexed by numbering and designed by DL, along with the structural parameters of the thicknesses. This combined classification (material) and regression (thickness) problem is solved by our devised loss function. To show the capability of our DL network, we specifically demonstrate DL-assisted inverse design for three dipole resonance engineering problems with on-demand applications using spherical core-shell nanoparticles: 1) spectral tuning of ED resonances, for sensing applications; 2) finding spectrally isolated MD resonances; and 3) finding spectrally overlapped ED and MD resonances, for directional scattering or negative index media. We present individual engineering of ED and MD spectra to discuss their relevance to physical phenomena. We believe that our concept of DL-assisted simultaneous inverse design of materials and structures will lead to the development of the field of nanophotonics by allowing efficient inverse design of nanophotonic structures. We have developed a weighted loss function to solve simultaneous inverse design of materials and structure parameters. Therefore, we conduct parametric study for two different weight of w and ρ as discussed in the main text (Fig. A1a,b) . After each 20,000 epochs of training using different weights, networks are converged to different states depending on different values of w and ρ. The trained networks are quantitatively evaluated using test dataset by calculating MSE between input spectra and predicted spectra obtained from the DL-assisted designs. Values of w = 0.5 and ρ = 0.3 minimize the average MSE error between input and predicted spectra of the test dataset, and therefore chosen for training. The learning curve of the optimized network shows that DN is well trained with the converged losses after 20,000 epochs for each validation and train data (Fig. A1c) . Table A1 summarizes other hyper-parameters for training. We use Pytorch framework for DL, and batch gradient descent method is used. The network is trained on an instance with single NVIDIA GTX-1080Ti, and it takes approximately 100 minutes to carry out 20,000 epochs. Loss criteria discussed in the main text are given as:
Here, x and y are the target and the output, respectively, and σ(x) is Sigmoid function. 
Appendix B: Design parameters used in the main text
Design parameters of the results discussed in the main text are summarized in Table. A2. As can be seen in Table. A2, negative values of thickness are returned, which are physically nonsense. However, it should be noted that such negative values occur only if the corresponding materials are 0 (none). In previous training steps, we used 0 (none) material to represent one or two-layered core-shell nanoparticles. DNs may have learned through the training that the thickness values correseponding to 0 (none) material does not affect to the optical properties. To avoid negative values of thickness, activation functions of the last neurons can be replaced to other activation functions of ReLU or Sigmoid that provides only positive outputs. (Fig.3a) 6 (SiO2) 1 (Ag) 0 (none) 15.49 29.41 1.26 ED @ λ = 700nm (Fig.3b) 6 (SiO2) 1 (Ag) 0 (none) 57.57 6.72 -2.85 ED @ λ = 900nm (Fig.3c) 5 (TiO2) 1 (Ag) 0 (none) 91.12 12.81 11.02 MD @ λ = 425nm (Fig.4a) 1 (Ag) 6 (SiO2) 5 (TiO2) 37.97 39.25 19.65 MD @ λ = 650nm (Fig.4b Table A3 . Appendix D: Inverse design using arbitrary input spectra
The spectral forms of electromagnetic resonances can generally be regarded as Lorentzian shape. Therefore, we employed Lorentzian-type spectra to describe dipole resonances throughout the whole manuscript as shown in Eqn. D1. Parameters used in the main text to generate Lorentzian-shape spectra are summarized in Table. A4.
We further test our network with random spectra with step function, linear function, and Gaussian resonances A3. For a user-drawn spectrum with non-physical shape, the network is likely to fail to generate appropriate design that have desired input spectra.
Case a ed b ed c ed a md b md c md ED @ λ = 400nm (Fig.3a) 1 400 30 0 0 0 ED @ λ = 700nm (Fig.3b) 1 700 40 0 0 0 ED @ λ = 900nm (Fig.3c) 1 900 70 0 0 0 MD @ λ = 425nm (Fig.4a Table A5 .
Appendix E: Response to gradual change of input spectra
We explore the transition of the designed material using gradually tuned input spectra (Fig. A4) . By changing resonant wavelengths of ED extinction spectra from λ = 350 nm to λ = 400 nm, suggested designs by DL are also changed (Table. A6 ). At the shorter resonant wavelength, materials of Al with higher plasma frequency (λ plasma ∼ 80nm) is returned. By increasing the resonant wavelength, material transition between Al to Ag with relatively lower plasma frequency (λ plasma ∼ 130nm) are shown. This suggests that DN has successfully learned the mapping between material information of plasmonic resonances and optical properties well, even if we used material information with the simplified indexed numbers. Extinctions from spherical core-shell nanoparticles were efficiently calculated using the T-matrix method, which is an exact semi-analytical method based on vector spherical waves. The incident and scattered field for a nanoparticle is expanded using vector spherical wave functions as basis:
FIG. A4. Response to gradual change of input spectra
where a E,M nm and b E,M nm are incident and scattered multipoles with superscripts E and M representing electric and magnetic modes; superscripts 1 and 3 represents regular and singular vector spherical wave functions, respectively; k is the wavenumber and η is the wave impedance in host medium. The summation index n goes from 1 to infinity, but needs to be truncated by n max until convergence is reached, and index m goes from −n to n. In this work, we use n max = 1 to consider only dipole.
The incident and scattered multipoles are linearly related by the T-matrix:
T-matrix of spherical core-shell nanoparticles can be calculated by setting the fields inside j -th shell as: nm (k j r)](F7) where k j is the wavenumber and η j is the wave impedance inside the j-th shell. The unknown coefficients are related by the boundary conditionsr × E in =r × E out andr × H in =r × H out at spherical surface and interfaces, and solved using transfer-matrix method. Note that B E,M j,nm at the core are zero.
Finally, the extinction from from a scatterer is calculated as
using the incident multipoles for planewave calculated as Ref. [30] and the scattered multipoles calculated using the incident multipoles and T-matrix. This approach is much more computationally efficient, as well as accurate, compared to numerical methods, such as FEM and FDTD, so this T-matrix method is beneficial for dataset generation in DL, if the T-matrix can be easily calculated. Optical properties of Ag and Au were taken from [31] , Al and Cu from [32] , Si from [33] , TiO 2 from [34] , and SiO 2 from [35] .
